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Abstract 

The number of universities in Indonesia continues to grow. This condition certainly makes the flow of 

new student admissions increasingly competitive between universities, thus encouraging universities 

to do branding, show quality, and do the right positioning. Therefore, it is important for universities to 

adopt a data-driven approach that can provide in-depth insights into prospective students and the 

effectiveness of marketing strategies. The purpose of this study is to design and build an ETL 

(Extract, Transform, Load) pipeline to collect, process, and analyze prospective student data as part of 

the business intelligence (BI) system to be built. The proposed ETL architecture design supports 

automated microservices-based data transformation in data cleaning, normalization, and integration. 

In addition, it can also be used as a solution to increase the scalability and flexibility of data 

mobilization in the BI system. This study introduces a novel approach by designing an ETL pipeline 

within a business intelligence framework aimed at enhancing university marketing efforts. Unlike 

prior research, which has primarily applied business intelligence tools to evaluate academic activities 

within learning management systems, this work shifts the focus to marketing analytics. Additionally, 

while existing studies on higher education marketing often center around digital marketing techniques 

and the marketing mix, this research fills a gap by proposing a technical infrastructure that supports 

data-driven marketing through automated ETL processes. The resulting ETL was tested using several 

methods, namely Source to Target Count Testing, Source to Target Data Testing, Duplicate Data 

Check Testing, and Data Transformation Testing. The results of each test are valid. 

Keywords: data analysis, prospective students, business intelligence, ETL pipeline, data driven 

marketing 

 

1 Introduction 

The number of universities in Indonesia continues to grow. In 2022 there will be more than three 

thousand state and private universities [1], [2] in Indonesia. This condition certainly increases the 

flow of new student admissions competitively between universities which also encourages universities 

to foster their branding, accentuate their quality, and establish the right positioning. The use of digital 

for university marketing has also increased [3], [4]. This situation leads into the importance of 

marketing and market understanding roles for higher education institutions, not only to maintain the 

number of existing students, but also to attract new prospective students. 

Admission process is one of the key aspects in marketing for higher education institutions [5]. 

An effective admission process can help institutions attract the right prospective students who fit the 

targeted profile. On the other hand, traditional approaches are often inadequate to capture the 

complexity and dynamics of today's education market. Therefore, it is important for universities to 

adopt a data-driven approach [6], [7] that can provide in-depth insights [8] into prospective students 

and the effectiveness of marketing strategies. Prospective student data collected during the admission 

process contains potentially useful information for decision-making [9] [10]. By analyzing 

prospective student data, institutions can profile and segment the prospective students, identify 
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patterns in study program selection, and even predict the likelihood of graduation or academic success 

[11]. 

For those reasons, there are two formulated research problems in this study: 1) how universities 

can conduct data-based marketing; and 2) how to design and build a marketing analysis system 

architecture that can maintain and even improve the quality of data obtained from primary sources and 

ensure that the data is consistent, relevant, and accurate, which meets all university marketing needs 

and also helps make better decisions. 

This study aims to design and implement an Extract, Transform, Load (ETL) pipeline to facilitate 

the collection, processing, and analysis of prospective student data, as a foundational component of a 

business intelligence (BI) system to be developed. This research distinguishes itself by focusing on 

the design and implementation of an ETL pipeline within a business intelligence framework 

specifically oriented toward university marketing. While a number of prior studies have addressed the 

utilization of business intelligence, their emphasis has predominantly been on analyzing academic 

activities within learning management systems. For example, the study A Business Intelligence 

Framework for Analyzing Educational Data [12] employed Excel-based datasets processed using the 

WEKA tool to identify unemployed students and evaluate their academic performance. Conversely, 

existing literature on marketing in higher education has mainly explored themes such as digital 

marketing practices [13], [14], and the marketing mix [15], with limited attention to the underlying 

data infrastructure. In response to this gap, the proposed ETL architecture adopts a microservices-

based communication model and incorporates automated mechanisms for data cleansing, 

normalization, and integration, thereby enhancing the efficiency and scalability of business 

intelligence applications in the context of university marketing. 

  

2 Literature Review 

ETL Pipeline is a structured approach to managing and processing data, consisting of three main 

stages [16], [17], [18]: 

a) Extract (data collection). This stage involves collecting data from various sources, such as 

registration forms, prospective student databases, surveys, and external data such as 

demographic information. The data are stored in several distinct databases and are structured 

in the form of relational databases. The volume of extracted data consists of approximately 

3,000 records. Integrated and comprehensive data collection is key to getting a complete 

picture of prospective students. The extraction method employed is incremental extraction. 

b) Transform (data processing). Once the data is collected, the transformation stage is carried 

out to clean, integrate, and normalize the data. This process is important to ensure that the 

data used in the analysis is consistent and reliable. Transformation also involves combining 

data from various sources into a uniform and easily analyzed format.   

c) Load (data transfer). At this stage, the processed data is loaded into the BI system to be used 

for analysis. BI systems provide a variety of data analysis and visualization tools that allow 

universities to explore patterns, trends, and insights that can support strategic decision 

making. This architecture utilizes a full data loading approach. 

 

ETL  serves as a foundational component of data warehousing systems [19]. It plays a crucial 

role in filtering out irrelevant data, correcting inaccuracies, and ensuring data quality. Additionally, 

ETL processes support the documentation and quantification of data, facilitating effective 

measurement. Furthermore, ETL captures operational data flows for custodial and auditing purposes, 

and it harmonizes data from disparate sources to ensure it is accessible and usable by end users [20]. 

There are several studies related to the use of ETL in the academic world which include: 1) 

analysis of teaching and learning approaches in higher education [19]; 2) analysis of education cost 

levels [20], [21]; 3) analysis of student graduation [22]. However, there has been no research that 

applies ETL to university marketing context. In this study, ETL is employed to analyze data related to 

prospective student admissions based on data extracted from the university’s existing transactional 

databases. 
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3 Research Method 

The research workflow begins with identifying and analyzing the requirements, followed by 

designing the ETL pipeline architecture, which is subsequently implemented. The final stage of this 

study involves testing the ETL pipeline. The detailed research workflow is illustrated in Figure 1. 

 

 
Figure 1. Research flow 

1. Identification and Needs Analysis 
This stage aims to identify the needs of the university to define and identify the scope of high-level 

requirements, business processes, confirmation of the scope of the system being developed. The 

outputs of this stage are: a) analysis of resources and system requirements (software, hardware, 

infrastructure, and support); b) system requirements specifications; c) inception report. 

2. ETL Pipeline Architecture Design  
Following the requirements analysis, the solution was defined and the existing technical constraints 

were identified. Subsequently, and ETL pipeline architecture is designed to align with the 

characteristics of the source database and other relevant data sources. As a result, the output of this 

stage is a comprehensive architectural blueprint. 

3. Implementation of ETL Pipeline and Data Warehouse 
In the subsequent phase, the previously designed ETL pipeline was implemented, and the data 

warehouse architecture defined in the earlier stage was constructed. This phase resulted in the 

deployment of both microservices and the data warehouse as core components of the data integration 

framework. The microservices are designed based on the Representational State Transfer (REST) 

architectural style, which is widely adopted due to its statelessness, scalability, and compatibility with 

distributed systems. REST operates over the HTTP protocol using a request-response communication 

model [19]. The integration endpoints expose standard RESTful methods—namely GET, POST, PUT, 

and DELETE—returning data in JSON format for interoperability across heterogeneous systems [20]. 

4. ETL Pipeline Testing  
Upon completion of the ETL implementation, the system underwent a testing phase to evaluate its 

functionality and performance. Three types of test were conducted in this study, namely: 1) Duplicate 

Data Check Testing (DDCT) to check for the existence of duplicate data in the target system. When a 

large amount of data is present in the target system, the risk of data duplication in the production 

system increases, which can negatively impact the accuracy of analytical test results [23]; 2) Source-

to-Target Data Testing (STDT) to verify the accuracy of data transfer from the source to the target 

system. This involves checking the validity of the data after the data has undergone transformation, 

both in the source system and the target system [24]; 3) Incremental Testing (InT) to verify old and 

new data gradually [25]. 

4 Results and Analysis 

The result of ETL design is an architectural blueprint as shown in Figure 2 and Figure 3. Figure 2 

presents the constructed ETL pipeline architecture. The raw data is taken from the initial 

database/resource owned by the university which consist of several databases and applications. 

Therefore, data ingestion and data integration processes are essential. Following this, a data 

warehouse is developed, and a provisioning process is conducted to prepare and configure the 

necessary resources for operational use. 
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Figure 2. Blueprint of ETL pipeline architecture 

 
Figure 3. Data communication architecture in the system 

Figure 3 shows the developed ETL data communication process. In the system, an aggregator 

service is implemented to retrieve data from various resources. To facilitate the automation of this 

retrieval process, a cron job is employed to execute predefined commands as scheduled intervals. Data 

retrieved from resources is stored in temporary storage, from which it is subsequently accessed for 

analysis. Then, the data is stored in the dashboard database where it becomes available for 

visualization and interpretation within the BI system. 

 

In the implementation stage, ETL Pipeline and Data Warehouse produce microservices. One of 

the microservices produced is shown in Figure 4, namely a service to calculate the number of students 

per study program based on the school of origin. 
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Figure 4. Service calculate the number of students per study program based on school of origin 

After designing and implementing ETL, ETL testing is carried out to ensure the accuracy, 

completeness, and consistency of data when going through the ETL process [23]. In this study, 

several ETL testing techniques were carried out, where the test results are shown in Table 1. The 

testing phase was carried out using a dataset consisting of approximately 3,000 records to evaluate the 

performance and reliability of the implemented ETL pipeline. The tests carried out were:  

1) Source to Target Count Testing 

This technique involves comparing the number of records in the source system with the 

number of records loaded into the target system. If the numbers do not match, it indicates 

that some data may be missing or incomplete. This test is part of data completeness testing. 

2) Source to Target Data Testing 

This test is to verify the accuracy of data transfer from the source to the target system. In this 

test, the validity of the data is checked after undergoing transformation, both in the source 

system and the target system connected to it. 

3) Duplicate Data Check Testing 

This test is to check for the presence of data duplication in the target system. 

4) Data Transformation Testing 

This testing approach is time consuming because it involves executing multiple SQL queries 

for each individual record to verify the accuracy of the transformation rules. After executing 

the SQL queries, the resulting data in the source and target systems is compared. 

 

Table 1. ETL testing results 

N

o 
Testing Query dan Results Results 

1 Source to target count 

testing 

 

 

Valid 
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2 Source to target data 

testing  

 

Valid 

3 ⁠⁠Duplicate data 

check testing 
 

 

Valid 

4 Data transformation 

testing 

 

 
 

Valid 

 

Table 1 (the ETL Test Results) indicates that the source system has the same number of data 

records loaded in the target system. All the data in the both systems are valid and no data duplication 

found. Furthermore, the data results in the source system and the verified system are in accordance 

with the transformation rules. Hence, the aforementioned results above are in line with 

Lokaadinugroho, et al. who also conducted research related to ETL and data warehouses in 

universities. The study showed that ETL and data warehouses reduce data errors [28]. As supported 

by Edhya and Susilowati, ETL provides a more efficient data transformation process, more structured 

data, and is safer from human error [29]. 

 

5 Conclusion 

This study has developed and implemented an ETL architecture that serves as the foundation for 

a data warehouse aimed at analyzing prospective students. The ETL processes integrates data from 

multiple university-owned databases. The testing results indicate that the data volume is consistent, 

the accuracy of transferred data is validated, and no duplication records are found. The established 

ETL framework would serve as the basis for the subsequent development of a comprehensive 

business intelligence system. 
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